Abstract: Estimation of tunnel diameter convergence is a very important issue for tunneling construction, especially when the new Austrian tunneling method (NATM) is adopted. For this purpose, a systematic convergence measurement is usually implemented to adjust the design during the whole construction, and consequently deadly hazards can be prevented. In this study, a new fuzzy model capable of predicting the diameter convergences of a high-speed railway tunnel was developed on the basis of adaptive neuro-fuzzy inference system (ANFIS) approach. The proposed model used more than 1 000 datasets collected from two different tunnels, i.e. Daguan tunnel No. 2 and Yaojia tunnel No. 1, which are part of a tunnel located in Hunan Province, China. Six Takagi-Sugeno fuzzy inference systems were constructed by using subtractive clustering method. The data obtained from Daguan tunnel No. 2 were used for model training, while the data from Yaojia tunnel No. 1 were employed to evaluate the performance of the model. The input parameters include surrounding rock masses (SRM) rating index, ground engineering conditions (GEC) rating index, tunnel overburden (H), rock density (), distance between monitoring station and working face (D), and elapsed time (T). The model's performance was assessed by the variance account for (VAF), root mean square error (RMSE), mean absolute percentage error (MAPE) as well as the coefficient of determination (R 2 ) between measured and predicted data as recommended by many researchers. The results showed excellent prediction accuracy and it was suggested that the proposed model can be used to estimate the tunnel convergence and convergence velocity.
Introduction


In order to satisfy the economic growth and demand of the country, many tunnels for transportation, energy or other purposes are being constructed in China. One of the important issues of tunnel construction is the determination of convergence, which is referred to the amount of closure on the tunnel diameter. It is closely related to tunnel deformation and stability (Kovari and Amstad, 1993) . Larger convergence can lead to safety problems, such as rock collapse, trapping and jamming of boring machine, delay of project or even geological disasters. The convergence measurement is the best way. However, if the trends of the convergence can be known or predicted at early stages, Doi: 10.3724/SP.J.1235 .2012 .00011 *Corresponding author. Tel: +86-13871159076; E-mail: lwu@cug.edu.cn the design can gain both accuracy and time. It is noticed that an accurate prediction of a tunnel deformation in design stage is very difficult even though computational methods are properly used. This is due to, for instance, complex geological conditions, unpredictability of rock material behaviors and absence of knowledge about the real ground conditions resulting obviously in a kind of uncertain prediction (Lee and Akutagawa, 2009 ). Fortunately, the fuzzy set theory (FST) proposed by Zadeh (1965) offers a theoretical framework to handle appropriately these uncertainties. One of the first attempts to apply FST to solving rock mass problems was made by Nguyen (1985) due to the necessity of considering subjective judgment arising from imprecise information in mining geomechanics decision-making processes. Since then, this method has been widely applied to various fields, such as slope stability, rock mass classification, tunneling, foundation analysis, geotechnical project scheduling and cost planning, as well as the determination of geotechnical parameters .
Nowadays, FST has been proved to be a powerful predictive model. developed a fuzzy model based on Mamdani fuzzy system algorithm to predict the final convergence of a tunnel constructed in poor rocks with the NATM, and the predicted results showed good accuracy. The input parameters included tunnel geometry, rock mass properties and ground engineering conditions. The major limitation of the proposed model is its incapability of predicting the convergence velocity with good accuracy, which is also important to interpret the displacements of surrounding rocks. One of the major reasons of this limitation was related to the construction of membership functions of the input parameters. In their formulation, expert knowledge and subjective judgment based on individual experiences were used. This approach might not be accurate enough to infer on the estimation of the convergence velocity.
To solve this problem, artificial intelligence, in which the membership functions are generated by learning directly from the data, can be used. Adaptive neuro-fuzzy inference system (ANFIS) combining fuzzy logic and artificial neural network has been employed extensively in various topics of rock engineering to identify the membership functions. Applications can be found in different research areas, such as estimation of elastic constant of rock, prediction of deformation modulus of rock masses, rock engineering classification system, rock slope stability analysis, concrete comprehensive strength prediction, performance of impact hammer in tunneling, other geotechnical engineering applications (liquefaction resonant column and triaxial test), as well as tunnel stability analysis (Rangel, 2005; Bashari et al., 2011; Chen et al., 2011; Jalalifar et al., 2011; Cabalar et al., 2012; Iphar, 2012; Madandoust et al., 2012; Singh et al., 2012) .
In this paper, the utilization of ANFIS approach is intended to improve the membership function parameters of fuzzy model within the framework of a more accurate and reliable prediction of a tunnel convergence. It is revealed that most of the existing models for tunnel convergence prediction, such as statistical models, grey forecasting method, probabilistic approach, time series and artificial neural network methods (Li et al., 2006; TB10121-2007; Wu, 2010; Dai et al., 2011; Mahdevari and Torabi, 2011; Mao et al., 2011) , do not take into consideration the inherent subjective uncertainties associated with rock masses. It is expected that the proposed model will overcome this limitation. Consequently, the proposed model can correlate the tunnel convergence, rock mass properties and designed tunnel geometry with higher accuracy.
Data collection and research methods
Combining the laboratory results as well as field measurements, a fuzzy model for tunnel convergence prediction is developed on the basis of ANFIS approach. After the primary lining was completed, the tunnel convergences were measured in Daguan tunnel No. 2 and Yaojia tunnel No. 1 using extensometers (SGS-1) and total station according to technical code for monitoring measurement of railway tunnel (TB10121-2007) in China. Both tunnels belong to a project known as "CKTJ-9 Project" consisting of more than 15 tunnels and auxiliary excavations for highspeed railway (the maximum speed of 350 km/h), which are supposed to respond to the increasing demand for fast transportation between Changsha and Kunming in China. The rocks in this area are of poor quality and the construction method is based on the design principle of NATM with partial excavations supported temporarily by shotcrete, rock bolts, wire mesh and steel ribs as the primary lining .
For the preparation of the database, 1 057 datasets were employed, in which 845 datasets (80%) belong to Daguan tunnel No. 2 and the remaining (20%) belongs to Yaojia tunnel No. 1. Each dataset consists of 7 parameters (6 inputs and 1 output). For model development, the datasets of Daguan tunnel No. 2 were used as training data, while the datasets of Yaojia tunnel No. 1 were served for testing and validation purposes. The 845 training datasets were directly presented to the proposed fuzzy model without sorting. However, the testing datasets are sorted and selected so that they are both representatives of the data that the trained model is intended to emulate, yet sufficiently distinct from the training datasets so as not to render the validation process trivial (Math Works Inc., 2010) . In addition, statistical consistency of the testing dataset was considered by choosing data based on a regular interval.
As far as the model formulation is concerned, the input parameters are as follows: the surrounding rock mass (SRM) rating index, the ground engineering conditions (GEC) rating index, the rock density (), the tunnel overburden depth (H), the distance between the monitoring station and the tunnel heading face (D) and the elapsed time (T) after the working face passed through the monitoring station. The output parameters include the amount of total convergence (C cum ) and the convergence velocity (C vel ) of the crown and the sides (up and down sides stand for top and bottom heading, respectively). Input and output sample data used for the model are listed in Table 1 . Table 1 Sample data used for model formulation.
It should be noticed that, the SRM rating index describes the surrounding rock mass classification, while the GEC rating index interprets the results of the difficulties associated with the implementation of the excavation and the support methods. They were obtained subjectively based on the available field data and expert knowledge . Table 2 shows the values of SRM rating index of Daguan tunnel No. 2, and Table 3 illustrates the values of GEC rating index.
Finally, the proposed model employed TakagiSugeno (TS) fuzzy inference system with subtractive clustering method (SCM), and the membership functions are Gaussian type in which parameters were adjusted by ANFIS. The required computation was carried out by using the fuzzy toolbox of MATLAB ) between measured and predicted data was employed as well. Also, a comparison between the results of this research and those of the study done by was provided.
Modeling with fuzzy inference system
Fuzzy inference system (FIS) can be considered as a mapping process from a given input to an output by using fuzzy logic (Math Works Inc., 2010) . Fuzzy logic provides a powerful tool to handle properly uncertainties based on Zadeh's fuzzy set theory. Literatures are widely available on the topic. The main steps of modeling with FIS include fuzzification, rules construction, aggregation and defuzzification. There are many types of FISs. In geotechnical engineering and related fields, Mamdani type and TS type are prominent . In this paper, Takagi-Sugeno fuzzy inference system (TSFIS) was used due to its advantages. It works well with optimization and adaptive techniques and is well suitable for mathematical analysis. Output surface continuity is also guaranteed. In addition, it uses fewer rules than Mamdani FIS and the results are more transparent (Math Works Inc., 2010 ). An important characteristic of TSFIS model is that it can be constructed by using data clustering and neural Takagi and Sugeno (1985) . The consequent part of a TSFIS is a mathematical function, which is usually a zero or firstdegree polynomial function. The rule describes a local linear input-output mapping. The ith rule, 1, i  2, , n  in a typical first-order TSFIS, and the corresponding output can be written as if and = then
where x and y are variables in the universes of X and Y, respectively; i A and i B are the fuzzy sets based on X and Y, respectively; and i f is a first-degree polynomial function.
Subtractive clustering method (SCM)
Clustering can be referred to as the process of creating groups or clusters, which are obtained in such a way that elements in the same cluster have very similar characteristics while elements in different clusters are very distinct. The SCM is initially proposed by Chiu (1994) , which considers data points as candidates for the centre of clusters and computes the density at each point. A summary of this algorithm is provided by Jalalifar et al. (2011) . One of the important aspects of the algorithm is the determination of the cluster radius a R (positive constant), which is closely related to the number of clusters.
Adaptive neuro-fuzzy inference system (ANFIS)
ANFIS combines the fuzzy logic and neural network techniques. It was developed to overcome the limitations of fuzzy logic and neural network. In fuzzy systems, identification of parameters of the membership functions is not efficient principally for complex system, while in neural network the determination of a proper size and optimal architecture poses a problem. This system has gained popularity, especially with the availability of commercial software adopting ANFIS algorithms. In the fuzzy toolbox of MATLAB (version R2010a), using a given input/output dataset, the toolbox function called ANFIS constructs a FIS, whose membership function parameters are adjusted through adopting either a back-propagation algorithm alone or in combination with a least squares method. As an illustration, Fig. 1 shows the structure of ANFIS model. In Figs. 1(a) and (b), the TSFIS with two rules and the corresponding ANFIS architecture with 5 layers are provided, respectively. The output of Fig. 1(a) is the input of layer 4 of Fig. 1(b) , and the overall output at layer 5 can be computed as below (Jiang, 1993) :
where i w represents the rules firing strength.
(a) First-degree TSFIS.
(b) Corresponding ANFIS architecture.
Fig. 1
First-degree TSFIS and its corresponding ANFIS (Jiang, 1993) .
Results and discussions
Identification of optimal number of clusters in TSFIS model
The purpose of this paper is to estimate the tunnel convergences at crown, top and bottom heading sides, and their convergence velocities. Six different TSFISs were generated by using SCM. This method was used instead of grid partition method because of the large amount of data (845 dataset with 6 inputs) and consequently the large number of fuzzy rules to be created.
The determination of the optimal number of clusters is the key to the model performance, since the number of the clusters is equal to the number of the "if-then" rules. Seventeen numerical tests are carried out, in which the cluster radius a R is defined as different values varying from 0.5 to 1.3 with a 0.05 step. Then, each of the fuzzy models was separately trained by using the training data and their performances were evaluated based on the testing data with the RMSE. The results for the crown convergence (Cr) and its convergence velocity (Cr vel ) are summarized in Table 4 . The results show that the lowest RMSEs were obtained for a 0.85 R  (crown convergence) and a 0.95 R  (crown convergence velocity). The corresponding numbers of clusters and fuzzy rules were 7 and 5 for the crown convergence and its convergence velocity, respectively.
As far as the convergence of top and bottom heading sides and their corresponding convergence velocity are concerned, the optimal numbers of fuzzy rules obtained with the lowest testing RMSE were 6, 5, 3 and 3, respectively. The variations in numbers of clusters and rules (from 3 to 7) seem logical, because field data show that rock displacements corresponding to the crown and the sides of a tunnel have different trends. In addition, these figures are in agreement with the numbers of rules used in some recent researches (Bashari et al., 2011; Jalalifar et al., 2011; Singh et al., 2012) .
TSFIS model construction
The TSFIS model is constructed by applying the product method as "and" operator for the antecedent parts of the "if-then" rules, while the weighted average was selected as defuzzification method. Also, Gaussian membership functions were considered due to their advantages of being smooth and non-zero at each point. This type of membership function has been used successfully by Singh et al. (2012) . The membership functions associated with the input SRM of the optimum FIS a ( 0.85) R  corresponding to the crown convergence are shown in Fig. 2 , and the ANFIS model structure for the crown is illustrated in Fig. 3 
Model training and checking
The model training is the next step after constructing the fuzzy systems. In this research, the hybrid learning process of ANFIS was implemented. The main advantage of the hybrid optimization algorithm is that, it employs back propagation for parameters associated with input membership function and least squares estimation for parameters associated with output membership function. The input data have been normalized into the range [0, 1] as shown below:
where X is the input data to be normalized; norm X is the normalized data; max X and min X are the maximum and minimum values of the original data, respectively. Then, 10 epochs were used to train the model. Fig. 6 shows the sum of square error against epochs corresponding to the crown convergence prediction. It shows that the checking error decreases for the first time after 2 epochs. For this reason, we considered 3 epochs as optimal to train the models. 
Model performance assessment
To validate the performance of the proposed approach to predict the tunnel convergence, data of 211 samples from Yaojia tunnel No. 1 were adopted. For performance evaluation, VAF, RMSE and MAPE were employed, as suggested by many authors (Cabalar et al., 2010; Monjezi et al., 2010; Monjezi and Rezaei, 2011; Jalalifar et al., 2011) . These indices can be calculated by using below equations:
where var() is the variance, i y is the ith measured element, i y  is the ith predicted element, and N is the number of dataset. In addition, the predicted and measured convergences were compared by using the correlation coefficient also known as coefficient of determination (R 2 ). Fig. 7 provides the value of R 2 for the predicted convergence of top heading sides and its field measurement. Cr (mm) Sum of square error
The performance indices of the approach in tunnel convergence prediction are listed in Table 5 . Theoretically, a prediction model is considered to be exactly accurate when RMSE and MAPE are equal to zero and VAF is 100%. Also, the value of R 2 , which is higher than 0.7, indicates a good correlation. The performance indices obtained in Table 5 suggest that the predicted and measured convergences are highly correlated. The coefficients of determination R 2 varying from 0.85 to 0.98 confirm the models' capability of predicting tunnel convergences. A similar research was carried out by by using the same input and output parameters with Mamdani fuzzy inference method, in which the identification of the membership functions was based on the subjective experience. RMSE and VAF for the prediction of convergence velocity varied between 0.4-2.05 mm and 59.23%-78.40%, respectively. In comparison with the current model (Table 5) , improvement has been accomplished specifically for the convergence velocity prediction. This is due to the use of the adaptive learning method where the input membership functions were constructed by learning directly from the original data.
Conclusions
Results of this research show that the proposed model is capable of predicting the tunnel's convergence with excellent accuracy. This model used ANFIS approach and the parameters affecting a tunnel deformation such as tunnel geometry, rock mass geomechanical properties and ground engineering conditions. Improvement in the prediction accuracy is shown especially for the convergence velocity in comparison to the model based on Mamdani fuzzy inference. The performance indices (VAF, RMSE, MAPE and R 2 ) indicate that the ANFIS based model can be used as convergence estimation model. Furthermore, this model can be a convenient predictive tool for the convergence estimation, since the measurements of the convergence are not required here as inputs, but only the rock mass properties and ground engineering parameters are needed. At the same time, vague, imprecise data or even lacking of information about the rock properties are handled appropriately by taking the advantage of fuzzy inference systems and neural network to model complex and nonlinear problems like tunnel convergence in weak rocks.
Finally, the proposed model is recommended to be used for predicting the tunnel convergences. However, it cannot replace the in-situ measurement of the convergence. Instead, it can be associated with the convergence monitoring program for decision-making purposes by providing tools to cope with uncertain information.
